Risk adjustment is an important component of quality assessment in surgical health care. However, data collection places an additional burden on physicians. There is also concern that outcomes can be gamed depending on the information recorded for each patient.
R isk adjustment is an important component of outcomes and quality analysis in surgical health care. However, there are 2 major concerns regarding the collection of risk-adjustment data in practice today. First, data collection places an additional burden on physicians, who feel that they have become data-entry personnel and are spending more time in front of the computer than with the patient. This concern could be partially addressed by studies that aim to identify minimum data sets that require only a handful of variables. For example, previous work has determined that the ability of the American College of Surgeons National Surgical Quality Improvement Program (NSQIP) database to risk adjust may be adequate using as few as 4 variables. [1] [2] [3] [4] However, the more serious concern is that risk-adjusted quality benchmarking systems can be gamed because they include data elements that require subjective interpretation by hospital personnel, such as patient history of comorbidities. There may be subtle financial incentives to overcode these data elements to increase the risk scores for a hospital and, thus, improve a hospital's risk-adjusted outcomes profile. These concerns can be addressed if risk-adjustment models avoid subjective data elements, such as history of comorbidities, and rely on objective data, such as laboratory values or other machine-collected variables that do not require the subjective interpretation and input of hospital personnel. This has contributed to so-called big data, multiple massive data sets that include patient demographics, medical history, disease course with corresponding treatment, and transaction information, such as device usage and medication administration. However, much of these data are currently perceived as by-products of health care delivery rather than a central asset to improve its efficiency. 5 Therefore, the aim of this study was to determine whether a number of machinecollected data elements could perform as well as a traditional, full risk-adjustment model that includes other physician-assessed and physician-recorded data elements. We tested this hypothesis with an analysis of the NSQIP database.
Methods
This research uses all available NSQIP data from January 6 This data set was chosen for its breadth of preoperative and postoperative variables collected for each patient. Owing to its retrospective nature, this study was exempt from institutional review board approval and participants did not provide consent. The primary analysis included all patients in the database who were categorized as having had an operation performed by a general surgeons or surgeons in the following subspecialties: plastic surgery, cardiothoracic surgery, or vascular surgery. Subset analyses were performed in patients who underwent abdominal aortic aneurysm repair, aortic valve replacement, coronary artery bypass graft, esophagectomy, pancreatic resection, laparoscopic cholecystectomy, colectomy (total or partial, laparoscopic or open), appendectomy (open or laparoscopic), and ventral hernia repair. The first 5 procedures listed were selected because of presence of Leapfrog quality standards. 7 The last 4 procedures were selected because they are common general surgery procedures. Patients were determined to have an adverse event after surgery if they experienced death or at least 1 of the following complications as captured by NSQIP before discharge: superficial surgical site infection; deep incisional surgical site infection; organ space surgical site infection; wound disruption; pneumonia; unplanned intubation; pulmonary embolism; ventilator for more than 48 hours; progressive renal insufficiency; acute renal failure; urinary tract infection; stroke/ cerebrovascular accident with neurological deficit; coma of more than 24 hours; peripheral nerve injury; cardiac arrest requiring cardiopulmonary resuscitation; myocardial infarction; bleeding requiring transfusions; graft, prosthesis, or flap failure; deep vein thrombosis or thrombophlebitis; sepsis; or septic shock.
Multivariate logistic regression models were created to predict either mortality or any complication in the inpatient setting or within 30 days of surgery. In one set of models we included all preoperative risk variables included in NSQIP, a total of 66 variables. In a second set of models we only included preoperative variables that were either laboratory data or able to be automatically extracted from a patient medical record without additional data input. This was a total of 25 variables, which are listed in the Box. All continuous variables were kept as such except for age, which was grouped into 10-year categories.
We compared the area under the receiver operating characteristic curve (AUC) of each regression using objective preoperative risk variables to its corresponding regression with all variables. The AUC is a discriminative measure to identify how well a model separates 2 groups (ie, patients with vs without adverse events). An AUC value of 0.5 indicates that the model separates the 2 groups no better than chance whereas an AUC value of 1.0 indicates that the model completely separates the 2 groups. The AUC statistic is actually the percentage of randomly selected pairs correctly predicted by the model. Thus, the AUC allows us to determine which model can more accurately discriminate between the 2 groups of interest. [8] [9] [10] [11] Statistical analysis was performed using Stata 64-bit special edition, version 11.2 (StataCorp).
Results
Data from a total of 745 053 patients from 2005 to 2010 from the NSQIP database were included ( Table 1) . More than 15.8% of patients had at least 1 complication and the mortality rate was 2.8%. Mean age was higher among those with complications (61.5 years) and highest among those who died (71.1 years). Among the subset procedures, colectomy had the highest per-centage of patients (12.7%). The fewest number of patients received aortic valve replacement (0.2%) and esophagectomy (0.3%). Overall complication rates were highest in esophagectomy (49.5%) and lowest in laparoscopic cholecystectomy (5.2%) and appendectomy (6.6%). Mortality rates were highest in colectomy (4.4%) and aortic valve replacement (4.3%).
The AUC was slightly higher in models that included all variables compared with models with only objective variables. Among all patients, the AUC was 0.9005 with all variables vs 0.8774 with objective variables for 30-day mortality and 0.9078 with all variables vs 0.8881 with objective variables for inpatient mortality ( Table 2) . When examining complications among all patients, the AUC was 0.7401 with all variables vs 0.7137 with objective variables for 30-day complications and 0.7859 with all variables vs 0.7609 with objective variables for inpatient complications ( Table 2) .
The difference in AUC ranged from −0.0073 to 0.1944 for mortality and 0.0198 to 0.0687 for complications. In models predicting mortality, the difference in AUC was less than 0.05 among all patients and subsets of patients with abdominal aortic aneurysm repair, pancreatic resection, colectomy, and appendectomy. The difference in AUC was greatest among patients with esophagectomy (0.1937 to 0.1944) and smallest among patients with appendectomy (−0.0073 to 0.0171). In models predicting complications, the difference in AUC was less than 0.05 among all patients and subsets of patients with pancreatic resection, laparoscopic cholecystectomy, colectomy, and appendectomy. The difference in AUC was greatest among patients with aortic valve replacement (0.0552 to 0.0687) and smallest among patients with pancreatic resection (0.0198 to 0.0204).
Discussion
These data suggest that it is possible to create a riskadjustment system with high discriminatory value based only on objective variables. In this study, there was generally minimal difference in AUC when using all preoperative risk variables compared with using only objective variables. The difference in AUC was lower when examining complications than mortality, although the range of difference in AUC values differed by procedure. Thus, this method may be best to use when wanting to perform risk-adjusted analyses for complications, although the implications of this research are broad. By restricting data collection to objective data, we can reduce concerns about reliability and validity as well as threats of gaming the system from attempting to increase the risk score of patients through subjective variables. Restricting riskadjusted analyses to objective variables also improves efficiency and reduces cost of data collection. Clinicians would no longer have to deliberate and decide on patient functional status or the surgical wound classification and then take the time to enter this information in the medical record. Data collectors would also not have to scour the medical record to identify various comorbidities. Instead, basic laboratory values already ordered for direct patient care could be extracted from electronic medical records. For example, instead of having to input a separate code for a diagnosis of diabetes, a hemoglobin A 1C value combined with prescriptions for insulin or oral hypoglycemic agents would provide enough information on this comorbidity.
This research also generates opportunities for wider participation in surgical quality assessment and improvement programs. Currently, 461 US hospitals and 36 hospitals in Australia, Austria, Canada, Lebanon, the United Kingdom, and Saudi Arabia participate in the American College of Surgeons NSQIP. 12 Yet, these are mostly high-volume hospitals, with very limited participation by smaller community hospitals. With the advent of electronic health records in all hospitals, it is not unrealistic to propose complete participation of all US hospitals in a national risk-adjusted program managed through an automated system. This concept has even wider implications. As the amount of data and number of databases continue to expand both within health care and the private sector, new opportunities for sophisticated and novel uses of information abound. In addition to the growing amount of data collected by electronic health records, the private sector has a plethora of databases that could be linked to patient data in innovative ways, from tracking purchasing patterns of healthy food or over-the-counter medicines to using global positioning system technology (now embedded in many personal handheld devices) to record patient exercise regimens or geographical disease hot spots. In our data-driven environment in which technology continues to become an integral part of our daily lives, the possibilities are endless. In the future, it is not inconceivable that we will be able to perform retrospective analyses of complex databases with the same rigor as prospective trials. Hiring additional personnel for the sole purpose of data collection may become outdated in the era of big data.
This research was not without limitations. We narrowed down all NSQIP preoperative variables to a subset of objective variables but this list was not without flaws. Despite our attempts to be as strict as possible, we recognize that this list is still open to interpretation. For example, we classified more than 10% loss of body weight in the last 6 months as subjective because this may not always be accurately measured and recorded. Other NSQIP variables record clearly defined medical history or recent treatment given, such as chemotherapy for malignancy in the last 30 days prior to operation, but these variables may not always be easy to obtain or completely accurate because they may depend on outside records or history per the patient. Furthermore, many patients do not receive all preoperative laboratory tests, and thus, these missing data were excluded from these analyses. We accounted for this by using a large sample size including subset analyses of several different operations. Our findings are also consistent with the literature. For example, the predictive value of albumin in surgical outcomes has been well studied. 13 Many of these variables have also found to be significant in other studies examining particular operations and correspond highly with our own previous research.
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Conclusions
Rigorous risk-adjusted surgical quality assessment can be performed relying solely on objective, automated variables. By leveraging data that are already regularly collected for patient care, this approach is a more efficient use of the massive amounts of information available in the age of big data. This approach also addresses common concerns about the burden of data collection and the validity and reliability of data elements and can lead to wider adoption of quality assessment systems in health care. Identifying new ways to automate data collection using existing technology can make further improvements to the fields of surgical outcomes research and quality assessment and improvement.
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